Abstract
INTRODUCTION

54
Community trait distributions (CTDs) are the frequency patterns of trait values weighted by 55 the species abundance observed in communities (Violle et al. 2007 ). They can be used to 56 make accurate prediction of plant species distributions (Frenette-Dussault et al. 2013) , to 57 assess plant community responses to environmental gradients (Soudzilovskaia et al. 2013) , 58
and to quantify ecosystem stability under varying environmental conditions (Valencia et al. 59 2015) . Therefore, evaluating patterns of CTDs along biogeographic gradients is a powerful 60 tool to predict the impact of climate change on communities and ecosystems (Violle et al. 61 2014 , Enquist et al. 2015 , particularly at the global scale (Parmesan et al. 2013) . 62
Ongoing climate change involves simultaneous shifts in multiple environmental 63 factors, such as temperature and precipitation regimes (IPCC 2013) . These variables are 64 expected to interact in a complex way to determine their impacts on plant communities and 65 ecosystem functioning (see Peñuelas et al. 2013 for a review). For instance, concomitant 66 effects of annual amount and seasonality of precipitations can equally affect aboveground net 67 plant productivity (Guo et al. 2012) . Additionally, plant community responses to altered 68 temperature and precipitations regimes can also be conditional on local topography (Liancourt 69 et al. 2013 ) and soil parameters (e.g., Fridley et al. 2011) . To date, regional patterns of CTDs 70 have been assessed along isolated climatic (Fonseca et al. 2000 , Freschet et al. 2011 , Laughlin 71 et al. 2011 , Swenson et al. 2012 or edaphic gradients (e.g., Fonseca et al. 2000 , Gross et al. 72 2008 . However, global patterns of CTDs in response to interacting environmental factors are 73 barely known. Therefore, understanding how interactions between environmental factors 74 determine global patterns of CTDs can substantially advance our understanding of the 75 complex effects of climate change on plant functional diversity and ecosystem functioning. 76
Studies quantifying patterns of CTDs have mostly targeted the community-weighted 77 mean (e.g., Gross et al. 2008 , Laughlin et al. 2011 , which focuses on the traits of the most 78 drylands, these traits can help to explain species coexistence and the dominance of particular 104 plant strategies (e.g. stress-tolerant vs. stress avoidant: Fonseca et al. 2000 , Frenette-Dussault 105 et al. 2012 , Gross et al. 2013 . Along a regional aridity gradient, changes in CTDs of the two 106 studied traits have been shown to impact the strength of biotic interactions (Gross et al. 2013) , 107 and the stability of ecosystem multifunctionality (Valencia et al. 2015) . 108
Following the environmental filtering hypothesis (Keddy 1992), we predict that (i) 109
higher environmental stress will lead to a shift toward plant communities over-represented by 110 short species with "conservative" strategies. A decrease in the mean and/or an increase in the 111 skewness for height and SLA with environmental stress will reflect this functional shift. 112
Additionally, we expect (ii) either a decrease in functional diversity due to environmental 113 stress (lower variance and/or higher kurtosis) or an increase in functional diversity due to a 114 decrease in the importance of competitive interactions (higher variance and/or lower kurtosis). 115
Finally, we forecast that (iii) the interactions between climate, topography and soil factors 116 will strongly influence the four moments of CTDs. 117
118
MATERIALS AND METHODS
119
Study sites and environmental variables 120
Field data for this study were obtained from 130 sites located in 13 countries (Argentina, 121 Australia, Chile, China, Ecuador, Israel, Kenya, Mexico, Morocco, Spain, Tunisia, USA and 122 Venezuela; Fig S1) . These sites are a subset of the global network of sites from Maestre et al. 123 (2012b) that cover a wide range of the environmental conditions found in global drylands 124 (excluding hyper arid areas, which usually have little or no perennial vegetation). Mean 125 annual temperature (MAT) and mean annual precipitation (MAP) of the studied sites varied 126 between -1.8°C to 27.8°C, and from 79 mm to 1177 mm, respectively. Slope values ranged 127 between 0.2° and 28°. The sites studied include a wide variation in soil types, with more than 128 25 different categories from the FAO´s classification (FAO 1998) . 129
Site climate was summarised using three variables: mean annual temperature (MAT), 130 mean annual precipitation (MAP) and precipitation seasonality (PS: coefficient of variation of 131 12 monthly rainfall totals). We selected these variables because: i) their measurement is 132 unambiguous; ii) they are important drivers of trait variation both at regional and global scales 133 (e.g., Wright et al. 2004 , Swenson et al. 2012 , Moles et al. 2014 ; iii) they are key variables 134 for explaining global variation in dryland ecosystem functioning (Maestre et al. 2012b) ; and 135 (iv), MAT, MAP and PS describe largely independent features of site climate in the studied 136 dataset (bivariate correlations, r < 0.36 in all cases, Appendix S2). Temperature seasonality 137 (standard deviation * 100) was not considered due to its correlation with MAT in the studied 138 dataset (r = 0.59). Standardized climate data for all study sites were obtained from Worldclim 139 (www.worldclim.org), a high resolution (30 arc seconds or ~ 1km at equator) global database 140 (Hijmans et al. 2005) . 141 Topo-edaphic variables (i.e. soil properties and topography) at each site were 142 summarised using slope angle and soil sand content. These variables are particularly 143 interesting in the context of this study because they can largely affect moments of CTDs such 144 as community-weighted mean and variance (Dubuis et al. 2013) , and because they play key 145 roles in controlling infiltration, water and nutrient availabilities and run-on/run-off processes 146 in drylands (e.g., Gómez-Plaza et al. 2001) . Sand, clay and silt contents were measured in soil 147 samples (0-7.5 cm depth) from under the canopy of the dominant perennial plants, and in 148 open areas devoid of vascular vegetation, corresponding to the main microsites present at 149 each site (see Maestre et al. 2012b for details). Soil pH was measured with a pH meter, in a 1: 150 2.5 mass: volume soil and water suspension. Site-level estimates for all variables were 151 obtained by using the average of the mean values observed in bare ground and vegetated 152 areas, weighted by their respective area at each site (Maestre et al. 2012b ). We did not 153 consider soil pH in further analyses due to its correlation with MAP and sand content (r = -154 0.62 and -0.53, respectively). Similarly, clay and silt contents were not used in our analyses 155 due to their correlation with sand content (r = -0.52 and -0.55, respectively). Slope at each site 156 was quantified by direct measurements in situ with a clinometer. 157
Community trait distributions 158
Community trait distributions were estimated by merging two independent datasets. The 159 cover of each perennial plant species measured in situ was used as a proxy of species 160 abundance. SLA and maximum plant height were retrieved from the TRY database (Kattge et 161 al. 2011) . Site selection was based on the availability of trait data. A site was selected when 162 SLA and plant height data were available for all the perennial species that accounted together 163 for at least 60% of the total perennial vegetation cover (Appendix S3). In total, 130 sites were 164 selected, providing SLA and maximum plant height data for 347 and 512 species, 165 respectively. We also repeated our analyses using a subset of 95 sites for which SLA and 166 plant height data were available for all the perennial species that accounted together for at 167 least 80% of the total perennial vegetation cover at each site, a threshold recommended when 168 estimating CTDs (Pakeman and Quested 2007) . Results from this subset of data were 169 consistent with those based on the dataset used with the 60% threshold (Appendix S4), and 170 thus will not be presented in the main text. 171
For each of the 130 studied sites, community-weighted mean, community-weighted 172 variance, community-weighted skewness and community-weighted kurtosis were computed 173 using the R functions of Bernard-Verdier et al. (2012) . In the case of non-normal CTDs, 174 differences in the degree of skewness highlight a shift in the dominance of species with trait 175 values toward one of the extreme of the trait range in a given community (Fig. 1 ). This pattern 176 may arise from abiotic filtering selecting for a particular set of extreme trait values (Keddy 177 1992), from biotic filtering such as asymmetric light competition among species (Schamp et 178 al. 2008) , the importance of rare species in local co-existence or time lags in community 179 responses to rapid environmental changes (Enquist et al. 2015) . Kurtosis highlights the level 180 of trait differentiation between co-occurring species (similar to the trait spacing in Kraft et al. 181 2008) . High kurtosis is characteristic of peaked CTDs, and reflects the occurrence of strong 182 environmental filtering. Low kurtosis is characteristic of flat CTDs, reflecting multiple 183 community assembly processes, or the occurrence of stabilizing niche differences among 184 interacting species (Chesson 2000) . Very low kurtosis is characteristic of bimodal CTDs. 185
Bimodal CTDs arise from multiple optimal trait values reflecting either the co-existence of 186 contrasting functional strategies (Gross et al. 2013) , or the co-occurrence of past and present 187
optimal trait values in response to recent environmental changes (Enquist et al. 2015) . 188
Statistical analyses 189
We first built separate linear regression models for each moment of CTDs (mean, variance, 190 skewness and kurtosis) for SLA and height using the five selected environmental variables as 191 predictors (MAT, MAP, PS, slope and sand content) without interactions. Correlation among 192 the predictors used, and thus multicollinearity, was low (r < 0.39 and Variance Inflation 193
Factor [VIF] <1.25 in all cases, Appendix S2). Latitude and longitude were also included in 194 all models to account for potential effects of spatial autocorrelation between sites (Maestre et 195 al. 2012b) . Correlation between geographical and studied environmental variables was also 196 low (r < 0.33 and VIF < 1.44 in all cases, Appendix S2). Then, we ran a second set of 197 analyses where all possible two-way interactions between MAT, MAP, PS, slope and sand 198 content were included in the models. For each trait and moment, we used a backward-forward 199 stepwise regression procedure to select the models that minimized the second-order Finally, we conducted a sensitivity analysis of the selected models to illustrate how 215 climate × climate and climate × topo-edaphic interactions drive variations in CTDs in the 216 studied drylands. For doing so, we used the parameter estimates of the climatic and topo-217 edaphic variables obtained from the best models (based on AICc). Other variables included in 218 these best models were treated as constants and fixed to their mean. Predicted values were 219 obtained by fixing one of the two interacting predictors both at the lowest and highest values 220 observed in the dataset. 221
All statistical analyses were performed using the R statistical software 2.15.1 (R Core 222
Team 2012). All response variables (community-weighted moments) were log-transformed, 223 and all the predictors (climatic and topo-edaphic variables) were standardized and normalized 224 (z-score) before analyses. 225
RESULTS
227
Most of the CTDs did not follow a normal distribution, highlighting the relevance of the use 228 of skewness and kurtosis in evaluating change in CTDs (Appendix S5). Among the 130 229 studied communities, over 90% of the CTDs for SLA and height were skewed (skewness < -1 230 or > 1) or had kurtosis values differing from those of normal distributions (kurtosis < -1 or > 231 1). Furthermore, more than 53% of the CTDs for SLA and height were highly skewed 232 (skewness < -2 or > 2) or had a kurtosis highly departing from that characterizing normal 233 distributions (kurtosis < -2 or > 2). 234
Additive effects of climate soil and topographic factors on CTDs 235
When interactions among predictors were not included in the models, the predictive power of 236 the models was relatively modest, and decreased for skewness and kurtosis (Table 1) . 237
Climatic variables were always significant predictors for all moments and traits evaluated 238 (Table 1) , explaining up to 27% of the total variance for SLA (Fig. 2a: variance) and up to 239 18% for height ( Fig. 2b: For instance, CTDs were primarily dominated by short species (Fig 4a and e) but were 269 bimodal ( Fig. 4g ) at low levels of sand content under high MAT and low MAP. At high level 270 of sand contents, and under similar MAT and MAP conditions, CTDs were dominated by the 271 tallest species (Fig. 4b ), and were unimodal (Fig 4h) . Higher MAP led to communities with increased average SLA values. Communities 297 occurring in the wettest part of the precipitation range studied (i.e. sub-humid drylands) are 298 dominated by species with exploitative strategies, with potential for relatively quick returns 299 on investments of nutrient and dry mass in leaves (Fonseca et al. 2000 , Wright et al. 2004 . 300 Soil characteristics and topography had much lower explanatory power than climatic 301 variables as predictors of variations in SLA and maximum height, and only slightly drove 302 variations in the distributions of both traits. Soil texture is an important abiotic filtering that 303 selects for particular set of trait values (e.g., Keddy 1992), i.e. slow-growing perennial 304 vegetation (or evergreen habit). Such a functional shift likely occurs because high sand 305 content is typically found in sites with low nitrogen contents within the sites studied (Maestre 306 et al. 2012b , Delgado-Baquerizo et al. 2013 . 307
Skewness and kurtosis of CTDs were highly sensitive to climate, soil and topography. 308
Higher MAT led to peaked or narrow distributions for SLA and height, reflecting a loss of 309 functional diversity due to the strong effect of abiotic filtering (Keddy 1992). In contrast, flat 310 and even bimodal distributions for SLA occurred for communities in cooler conditions, 311 reflecting an increase in the importance of competitive interactions (Gross et al. 2013) . 312
Higher MAP increased the over-representation of short species with relatively high 313 SLA, co-occurring with rare tall species with low SLA (i.e. a shift toward right-skewed 314 distributions for height and left-skewed distributions for SLA). This over-representation in 315 high SLA may reflect a direct response to a more favorable environment. Alternatively, it 316 may also reflect the occurrence of positive interactions between tall stress-tolerant and 317 exploitative stress-intolerant species. Gross et al. (2013) found that, at low aridity levels, 318 conservative tall species can facilitate the persistence of short fast-growing species that do not 319 tolerate water stress in Mediterranean shrublands. 320
Interactive effects of climate, soil and topographic factors on CTDs 321
Considering interactions among environmental drivers strongly increased the explanatory 322 power of our models. Thus, our findings highlight the importance of considering these 323 interactions when assessing large-scale patterns of CTDs. drawn from such analyses could be misleading, and may dramatically undermine our ability 331 to predict the impact of global environmental change on plant community structure and 332 associated ecosystem functioning. 333
The importance to consider interactions between environmental drivers is clearly 334 illustrated by the effect of precipitation seasonality, which reversed the effects of MAT and 335 MAP on SLA (Fig. 3 ). Climate warming is expected to spatially and temporally alter 336 precipitation regimes, and to trigger complex interactive influences on diversity (see Peñuelas 337 et al. 2013 for review). Our results indicate that an increase in PS can particularly affect 338 drylands with warm and relatively wet climate, such as the dry-subhumid regions of our 339 dataset (e.g., Ecuador and Venezuela). Under low seasonality, dry-subhumid ecosystems are 340 dominated by communities with relatively fast-growing and water stress-intolerant vegetation 341
(high SLA), and harbor a high functional diversity. Increasing seasonality can strongly affect 342 the functional structure of these communities by increasing the dominance of slow-growing 343 species and thus reducing their functional diversity. This finding is particularly important 344 because dry-subhumid regions are facing altered seasonal climatic patterns due to ongoing 345 climate change which will likely increase the degree of drought stress they will experience in 346 the future (IPCC 2013) . 347
Sand content altered the height responses to changes in MAT and MAP, highlighting 348 the importance to also consider edaphic factors to forecast the effect of climate change on 349 plant communities (Fridley et al. 2011 , Liancourt et al. 2013 Finally, it is interesting to notice that latitude and longitude explained a large part of the 359 variation found in our data, and drove the overall decrease in explanatory power for the higher 360 moments of the trait distribution. While our dataset did not allow us to explore the role of 361 these geographic variables (they were not correlated with the studied environmental 362 variables), their predictive power on CTDs is intriguing, and calls for further studies to 363 identify their biological meaning. Latitude and longitude are increasingly used to assess 364 patterns in functional biogeography (e.g., Swenson et al. 2012) , and they likely reflect non-365 considered sources of variations associated to geography in our study. They may encompass 366 differences in species pool, solar irradiance, soil variables not measured here or land-use 367 patterns and history, which are all likely to affect CTDs. 368
Conclusions 369
Our study illustrates how trait-based approaches that consider the four moments of the CTDs, 370 reveals the signature of ecological processes at large scales. It has ramifications for improving 371 our predictions on the effect of climate change on plant communities (Violle et al. 2014) and 372 on ecosystem functions (Enquist et al. 2015) . This approach would certainly gain predictive 373 power by integrating intraspecific trait variations, and particularly by considering complex 374 shapes of individual-level trait distributions (Laughlin et al. 2015) . 375
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We also present the results of the variance inflation factor (VIF) to evaluate the risk of multicollinearity. (Table 2) . Models are presented for each moment separately for a) specific leaf area and b)
Sand
height.
P values of each best multiple regression model are indicated as follows: ns = P > 0.05. * =. P < 0.05. ** = P < 0.01. *** = P < 0.001). 
a) Specific Leaf Area (SLA)
